ABSTRACT The emergence of periodic impacts in the vibration signal is considered as an essential sign of rolling bearing faults. Therefore, how to distinguish the periodic impact component from the interference components (e.g., the harmonics and noise) in the raw vibration signal is critical for detecting bearing faults. The kurtogram technique plays an essential role in the automatic selection of sub-component signals containing fault information. However, two significant shortcomings reduce its ability to detect early weak transients: 1) the decomposition accuracy of the filters used in kurtogram, i.e., short-time Fourier transform (STFT) and binary filter banks, is deficiency and 2) the detection ability of kurtosis to cyclic impact is insufficient. A singular value decomposition packet (SVDP)-based kurtogram is proposed to improve the kurtogram technique. More specifically, a novel parameter-less signal decomposition algorithm, termed SVDP, is employed as the filter for sub-components extraction. The L-kurtosis indicator is then introduced to replace the kurtosis indicator to select the optimal sub-component from the SVDP processing results. Moreover, a fault signature highlighting technique named iterative autocorrelation of Teager energy operator (TEO-IAC) is presented, and the TEO-IAC spectrum is adopted to replace the Hilbert envelope spectrum to detect the fault characteristic frequencies of the optimal sub-component to determine the fault types of bearings. Finally, the presented fault diagnosis framework based on the SVDP-based kurtogram and TEO-IAC is compared with the original kurtogram, improved kurtogram and autogram in simulated and experimental signals analysis, which demonstrates its validity and superiority for extracting weak fault features of bearings.
I. INTRODUCTION
Rolling bearing bears the weight of the rotating machinery and ensures the excellent operation of the shaft, so its health status has a decisive influence on the working efficiency of the rotating machine [1] . Since the bearing runs in a harsh working environment, failures will appear on the bearing with the increase of the service time. If the bearing failure deteriorates to a severe extent, it will bring a series of adverse effects [2] . Therefore, scholars pay much attention
The associate editor coordinating the review of this manuscript and approving it for publication was Nan Wu.
to developing effective weak fault diagnosis techniques to detect bearing faults as early as possible [3] . Existing fault diagnosis techniques typically include model-based techniques [4] , signal-based techniques [5] and data-driven techniques [6] - [9] . Among them, the signal-based bearing fault diagnosis techniques are the most popular [10] .
Periodic impulse signal will be generated when bearing failures occur, and the fault type of bearing can be determined by identifying the cycle frequency of the impulse signal. However, the impulse signal caused by an early fault of bearing is feeble and easily concealed by background noise and harmonics caused by the vibrations of other components of the system. It is of great importance to isolate the impact signal from the interferences. Previous studies have shown that the impacts on the equipment created by bearing faults will cause the resonance and the impact component of the bearing vibration signal is mainly concentrated in the resonance frequency band [11] . Resonance demodulation based on spectral kurtosis (SK) and its modified versions has become one of the most popular and practical techniques for extracting the repetitive transients of bearings [12] .
SK was first proposed by Dayer [13] to detect the non-Gaussian components in the data. Antoni specifically analyzed the feasibility and properties of SK for detecting transient shocks in [14] . This work provides the theoretical basis for SK to be applied to fault diagnosis. Antoni further invented two versions of kurtogram on the base of SK. These two versions of kurtogram respectively use short-time Fourier transform (STFT) and binary filter banks to separate the signal into different frequency bands, the one with the largest kurtosis value is then determined as the optimal frequency band for fault feature frequencies identification [15] , [16] . Compared to SK, kurtogram is more efficient and automated. Since then, kurtogram has attracted extensive attention as a powerful resonance demodulation tool in the diagnosis of rotating machinery faults, especially rolling bearing faults. However, some shortcomings of kurtogram are gradually perceived as the research progresses. One is that the STFT and FIR filter banks are not accurate enough for frequency band separation [17] . The other is that the optimal frequency band selection indicator used by kurtogram, i.e., kurtosis, is sensitive to the accidental pulses, but its ability to detect periodic pulses is insufficient [18] . Scholars have proposed targeted solutions to improve kurtogram in recent years. Lei et al. [17] put forward an improved kurtogram by employing wavelet packet transform (WPT) as the filter for signal separation and taking the kurtosis of the filtered signal as an evaluation index of defects presence. Compared with the original kurtogram, the improved kurtogram is more resistant to noise and performs better in detecting weak faults. Then, Wang et al. proposed an enhanced kurtogram based on the improved kurtogram [19] . The kurtosis of the envelope power spectrum of the filtered signal was used as a new indicator for optimal frequency band selection. However, the enhanced kurtogram may lose efficacy when the defective frequency is not as significant as the frequency of the interference signals. Like the way of the improved kurtogram invented by Lei, some other types of WPT, such as redundant second generation wavelet packet transform (RSGWPT) [20] , overcomplete rational dilation wavelet transform (ORDWT) [21] and maximal overlap discrete wavelet packet transform (MODWPT) [22] , [23] were introduced as the filters to propose a family of WPT-based kurtograms. At the same time, some other impulse evaluation indicators, such as the time domain correlated kurtosis (CK) [24] , frequency domain CK [25] , envelope harmonic-to-noise ratio (EHNR) [26] and entropy-based indexes [27] - [29] , were used to better identify the optimal sub-components. The introduction of advanced wavelet basis functions makes the analysis results of the WPT-based kurtograms more accurate. However, these methods involve parameter selection and signal reconstruction, and their adaptability is poor. The CK and EHNR indicators are more capable of detecting repetitive shocks than kurtosis. Nevertheless, they are only suitable for detecting a specific frequency and require prior knowledge. The entropy index is more robust to noise compared to the kurtosis index. However, it is also sensitive to accidental impulses and has to consider the problem of parameter selection [30] .
Singular value decomposition packet (SVDP) is a novel parameter-less signal decomposition technique that can adaptively decompose a non-stationary signal into sub-component sequences with different frequency bands like the way of WPT [31] . Compared with WPT, SVDP shows a stronger ability in processing weak signals [31] . It is used as the filter to achieve the sub-component signals of the fault signal of bearings in this paper. As a fourth-order L-moment, L-kurtosis overcomes the shortcoming that kurtosis is sensitive to accidental pulses, and its ability to detect cyclic pulses is stronger than kurtosis [32] . Integrating the advantages of SVDP and L-kurtosis, a novel resonance demodulation approach, termed SVDP-based kurtogram, is proposed in this paper to extract the fault signature signal of rolling bearings. Moreover, a fault signature enhancement technique named iterative autocorrelation of Teager energy operator (TEO-IAC) is proposed to suppress the effect of noise on fault signature signals. Then, a novel weak fault diagnosis scheme based on the SVDP-based kurtogram and TEO-IAC is constructed.
The remaining works of this paper are organized as follows. Section II briefly reviews the kurtogram technique, introduces the principles of SVDP and L-kurtosis in detail, and subsequently describes the principle of the SVDP-based kurtogram. Section III introduces the TEO-IAC algorithm and investigates its effectiveness for enhancing fault features. In Section IV, the specific procedures of the presented fault diagnosis scheme are described and its validity is verified by the simulation signal. Experimental verifications are conducted in Section V. Section VI summarizes the conclusions.
II. SVDP-BASED KURTOGRAM A. REVIEW OF KURTOGRAM
Kurtogram was proposed on the basis of SK. The Wold-Cramér decomposition of a non-stationary random signal y(n) can be expressed as [14] :
where H(n, f ) represents the complex envelope of y(n) at frequency f and dZ y (f ) stands for a spectral increment. The SK is defined as:
where · represents the temporal average operator.
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When y(n) is influenced by additive noise b(n), its expression of SK is adjusted as:
where ρ(f ) represents the noise-to-signal ratio. SK is an effective tool for detecting the transient components of the signal. Antoni developed two versions of kurtogram by respectively using STFT and binary filter banks to estimate the SK [15] , [16] . Lei et al. proposed an improved kurtogram by using WPT as the filter to separate the signal [17] . The improved kurtogram reflected a better performance than the traditional kurtogram in seeking the periodic impact signal under the condition of low signal-tonoise ratio (SNR). However, its performance is easily affected by the selection of the wavelet basis function. Moreover, the decomposition process of many types of WPT is a downsampling operation. The sample length of the WPT coefficients of the current layer will be reduced by half in the next layer of decomposition, which increases the complexities and difficulties of analyzing the WPT coefficients. It is meaningful to find more excellent filters to improve the kurtogram technique.
B. SINGULAR VALUE DECOMPOSITION PACKET
As a parameter-less signal decomposition approach, SVDP can complete the signal decomposition like the way of WPT, which makes it a novel alternative filter to refine the kurtogram [31] . Moreover, SVDP has two main advantages over traditional WPT: (1) there is no need to consider the problem of the wavelet basis function; (2) each sub-component signal has the same length.
The nature of SVDP is a recursive decomposition of SVD. Given a matrix I R K ×L , its SVD can be represented as:
where
×L is a diagonal matrix and its diagonal elements represent thep singular values arranged from large to small,
When performing SVD on one-dimensional signal y = (y 1 , y 2 , . . . , y N ), a K ×L matrix, called Hankel matrix, should be constructed as follows:
where 1 < L < N , K is the embedding dimension and
To complete the decomposition of the signal, Eq. (4) was rewritten as follows:
Here we name I j as the submatrix of the original Hankel matrix I. A corresponding component signal A j can be recovered by conducting the anti-diagonals averaging on I j . Therefore, the original signal can be decomposed into p sub-band components after that all the submatrices are subjected to the antidiagonals averaging.
To take a similar way as WPT to implement the signal decomposition of an original signal y = (y 1 , y 2 , . . . , y N ), here the original signal is also defined as A 0 0 , a dichotomizing recursion SVD is employed. In the dichotomizing recursion SVD, the value of the embedding dimension K is chosen as 2 to create the Hankel matrix as follows:
As reported in [31] , only two singular values can be generated after the SVD decomposition of the above matrix, and it can be decomposed as: . According to the decomposition frame shown in Fig. 1 , each component signal of the current layer can be further decomposed into two sub-component signals in the next layer. Finally, the original signal will be decomposed into a sequence of components of different layers [31] . The whole process is similar to the WPT process. Thus it is called the SVDP decomposition. Zhao and Ye [31] have indicated that the SVDP method can get better decomposition results compared to WPT when processing multi-component nonstationary signals. In this paper, SVDP will be introduced as a filter bank to improve the decomposition results. When the number of decomposition layers is 4 or 5, it is enough to ensure the accuracy and efficiency of decomposition [31] . In this paper, the number of the decomposition layers of SVDP is set to 5.
C. L-KURTOSIS
L-kurtosis was proposed by Hosking with extending the principle of L-moments to the traditional indicator of kurtosis [33] . It was introduced for selecting the resonance band that carries the fault information to diagnose bearing faults in [32] . The L-kurtosis indicator has been proved to be more robust to the outlines in the data compared with the kurtosis indicator [32] . Hence, it is more suitable than kurtosis to measure the richness of periodic pulses.
Let X = [X 1 , X 2 , . . . , X n ] be an independent sample with the length of n with the cumulative distribution function P(x) and quantile function x(P). X 1:n ≤ X 2:n ≤ . . . ≤ X n:n represent the order statistics. The definition of the r-th L-moment is described as:
where r denotes the order of the L-moment, and E(X r−k:r ) represents the expectation of the r − k order statistic of a sample of size r.
The expected value of an order statistic can be shown as:
The first four order L-moments are subsequently represented as:
The L-kurtosis is defined as:
The greater the L-kurtosis of the signal is, the richer the impact characteristics it contains. The superiority of L-kurtosis over kurtosis for representing the repetitive impacts has been proved in [32] .
D. A MODIFIED KURTOGRAM BASED ON SVDP AND L-KURTOSIS
Combing the advantages of SVDP and L-kurtosis, a SVDPbased kurtogram is proposed in this paper. A sequence of sub-components with different frequency bands can be derived after conducting the SVDP decomposition on the raw vibration signal of rolling bearings, and the SVDP-based kurtogram can be constructed by calculating the L-kurtosis of each component signal according to the following Equation:
where l 2 (A Fig. 2 shows the paving of the SVDP-based kurtogram. We can adaptively determine the optimal component signal with the most abundant fault feature information based on the SVDP-based kurtogram.
III. ITERATIVE AUTOCORRELATION OF TEAGER ENERGY OPERATOR FOR FAULT FEATURE ENHANCEMENT A. ITERATIVE AUTOCORRELATION
Autocorrelation is an excellent technique for enhancing periodic impulsive signatures [22] . The definition of the autocorrelation for a signal y(t) is given as:
VOLUME 7, 2019 FIGURE 4. The waveform of: (a) Impact signal h(t ), (b) noise signal n(t ), (c) composite signal y (t ) (the red part reflects the pure impact signal and the blued part indicates the composite signal). where τ is the time delay. The essence of autocorrelation is an evaluation of the similarity between y(t) and its time shift signal y(t + τ ). Given a composite signal y(t) with the following expression:
where s(t) and n(t) represent the periodic impact signal and background noise, respectively. We can calculate the autocorrelation of the above composite signal as follows: where R ss (τ ) and R nn (τ ) respectively denote the autocorrelation of the impact signal s(t) and background noisen(t), R sn (τ ) and R ns (τ ) correspond to the cross-correlation of s(t) and n(t), respectively. In theory, the autocorrelation of white noise R nn (τ ) is 0. Since the impact signal is independent of background noise, both the values of R sn (τ ) and R ns (τ ) are 0. Then, we can induce that R yy (τ ) ≈ R ss (τ ) if the background noise only includes white noise. This property makes the autocorrelation a powerful tool for enhancing the impulsive signal of bearings and inhibiting the background noise.
However, the background noise cannot be completely eliminated by using one-time autocorrelation because of the existence of nonwhite noise. To obtain a closer result of R ss (τ ), an iterative autocorrelation (IAC) approach was proposed in [34] . The definition of IAC of a signal y(t) is given as:
where k is the number of iterations of autocorrelation and R k+1 yy (τ ) is the autocorrelation result of R k yy (τ ).
B. TEAGER ENERGY OPERATOR
TEO has been widely applied to diagnose bearing faults in recent years due to its advantages in enhancing the repetitive transients [35] . For a continuous signal s(t), the TEO is defined as:
whereṡ(t) ands(t) represent the first and second derivatives ofs(t), respectively. 
FIGURE 8. (a)
The fault signal, (b) the envelope spectrum of (a), (c) the Teager energy spectrum of (a), (d) the TEO-IAC spectrum of (a).
Eq. (19) gives the corresponding discrete version of TEO:
Only 3 adjacent samples are employed in the calculation of TEO as Eq. (19) shows, so TEO has good instantaneity.
The motion equation for a linear undamped vibration system consisting of a mass block connected to spring can be expressed as:
where m and k respectively represent the mass of the block and the stiffness of the spring, s(t) denotes the displacement of the block relative to the equilibrium position. The solution to Eq. (20) is a harmonic oscillation given as:
VOLUME 7, 2019 FIGURE 9. Flowchart of the proposed fault diagnosis scheme. where a and ϕ denote the amplitude and initial phase of the block, and ω = (k/m) 1/2 represents the inherent frequency of the system. The total energy of this system can be calculated by summing the kinetic energy of the mass block and the potential energy of the spring:
Conducting TEO on the harmonic oscillation s(t), we can get the following equation:
We can find that the TEO output is the square product of the amplitude a and frequency ω of the harmonic oscillation. Compared to the total energyE, the TEO output only lacks a constant coefficient 1/2m. For such signals with time-varying frequency ω(t) and time-varying amplitude a(t), Maragos et al. [36] have obtained the same conclusion and proven that the TEO output is the square product of ω(t) and a(t). The characteristic frequency of the impulse signal generated by bearing faults is always higher than other harmonic interferences. Therefore, the TEO output has a function of enhancing the fault features of impulse signals. By calculating the fast Fourier transform (FFT) of the TEO output, we can get the Teager energy spectrum, which outperforms the envelope spectrum in extracting fault signatures [37] . In this study, TEO is used to enhance the impact feature of the sensitive sub-component obtained by using SVDP-kurtogram. However, the sensitive sub-component may carry heavy background noise. The high-frequency noise can also be amplified after the TEO process as reported in [37] . That means the output of TEO is predominantly composed of impact signal and background noise, and it meets the requirement of the analysis model of autocorrelation shown in Eq. (16) . Hence, we introduced the iterative autocorrelation as post-processing of TEO to improve the robustness of TEO to noise.
C. THE ITERATIVE AUTOCORRELATION OF TEAGER ENERGY OPERATOR AND ITS INVESTIGATION 1) IMPLEMENTATION PROCESS OF TEO-IAC
Integrating the superiorities of TEO and iterative autocorrelation, an iterative autocorrelation of TEO (TEO-IAC) algorithm is put forward to enhance the impulsive fault features of bearings. Fig. 3 shows the main processes of TEO-IAC. First, TEO is conducted on the original signal to obtain the output signal to inhibit the harmonic interference. Second, the output signal of TEO is de-noised by IAC to obtain a pure signal. Finally, FFT is carried out on the de-noised signal to get the TEO-IAC spectrum for extracting the fault characteristic frequencies.
2) EVALUATION OF TEO-IAC WITH A SIMULATED SIGNAL
To investigate the advantage of TEO-IAC for detecting the periodic impact signal under the condition of background noise, a composite signal y(t) shown in Eq. (24) is designed for simulated evaluation.
where h(t) and n(t) are the periodic impact signal and Gauss random noise, respectively. In the expression of h(t), f o is the fault characteristic frequency, f o = 40Hz. That means the corresponding fault characteristic period T o is 0.025s. The SNR, sampling frequency and sampling points of the composite signal y(t) were set as −10dB, 8000Hz and 4000, respectively. Fig. 4 exhibits the waveforms of the periodic impact signal, Gauss random noise and the composite signal. We can find that the periodic impact signal h(t) is submerged by the Gauss random noise n(t). Therefore, the fault characteristic period T o cannot be identified from the waveform of the composite signal y(t). Fig. 5 shows the envelope spectrum and the Teager energy spectrum of y(t). From the envelope spectrum shown in Fig. 5 (a) , we can find many interference frequencies that are related to noise, and only the impact frequency can be detected. More harmonics of the defect frequency, i.e. f o , 2f o and 3f o , can be detected from the Teager energy spectrum as shown in Fig. 5 (b) , but the Teager energy spectrum also reflects many interference frequencies. This indicates that TEO is more efficient to extract the harmonic signatures of the defect frequency compared to the envelope analysis. But the heavy noise can cause a lot of interference frequencies in the Teager energy spectrum. Fig. 6 illustrates the process of applying TEO-IAC to the simulated signal. Fig. 6 (a) depicts the TEO output of the original signal. We can notice that the TEO output is VOLUME 7, 2019 FIGURE 13. The processing results of the simulation signal via the improved kurtogram: (a) the improved kurtogram (the black rectangle indicates the optimal frequency band), (b) the frequency band signal that has the maximum kurtosis, (c) the TEO-IAC spectrum of (b).
dominated by heavy noise. Figs. 6 (b) to (d) respectively display the results of one-iteration IAC, two-iteration IAC and three-iteration IAC of the TEO output. As the number of iterations increases, the impact characteristics become more visible and the noise is further eliminated. We can discern the fault characteristic period T o from the signal obtained after three iterations of IAC as shown in Fig. 6 (d) . Fig. 6 (e) gives the corresponding FFT spectrum of Fig. 6 (d) . From this spectrum (i.e., the TEO-IAC spectrum), the first three harmonics of f o can be easily observed and the interference frequencies are completely eliminated.
3) EVALUATION OF TEO-IAC WITH A REAL BEARING SIGNAL
The validity of the TEO-IAC algorithm was further studied using a real bearing signal of a wind turbine generator. The type of the wind turbine is SL1500. Fig. 7 (a) shows the sensors arrangement of the generator. As illustrated, two vertical radial accelerometers are placed at the front and rear ends of the generator to monitor the vibration. The sampling frequency of the vibration data is 12800 Hz. Fig. 7 (b) describes the field test at the front end of the generator. During the vibration monitoring, an outer ring defect occurred on the front generator bearing (whose type is SKF6326). The rotating frequency (f r ) of the generator is 29.69 Hz. Table 1 reveals the corresponding fault characteristic frequencies of the bearing, from which we can find that the fault characteristic frequency of outer ring (f o ) is 93.02 Hz. Fig. 8 (a) shows the 16384 points of the fault data obtained via the front accelerometer represented in Fig. 7 (b) . The envelope spectrum, the Teager energy spectrum and the TEO-IAC spectrum of the fault signal are shown in Figs. 8 (b) to (d) , respectively. From the envelope spectrum, although f o can be identified, its harmonics are indiscernible. Some spikes representing f r and noise interferences also appear in this spectrum. In addition to f o , the Teager energy spectrum detects the double frequency of f o . But the Teager energy spectrum is still polluted by noise. The TEO-IAC spectrum reflects the same fault features as the Teager energy spectrum while eliminating the noise. After comparison, we can find that the TEO-IAC spectrum is superior to the envelope spectrum and the Teager energy spectrum in extracting the fault signatures. 
IV. THE PROPOSED FAULT DIAGNOSIS METHOD A. THE FRAMEWORK OF THE PROPOSED METHOD
Previous works show that two main works should be well done to ensure a successful fault diagnosis for rolling bearings. One is separating the sensitive sub-band component signal that carries the fault features from other interference signals. The other is taking an effective way to extract the fault features of the sensitive sub-band signal to identify the bearing faults. The SVDP-based kurtogram, as a nonparametric optimal filter selection method, is used to detect the sensitive sub-band component signal in this study. The TEO-IAC approach is then adopted to enhance and extract the fault signatures of the sensitive sub-band signal. Hence, a novel (1) Decompose the input signal into several sub-band component signals by using SVDP.
(2) Generate the SVDP-kurtogram by gathering the kurtosis of each sub-component signal.
(3) Identify the sensitive sub-band component signal with the largest value of kurtosis.
(4) Carry out the TEO-IAC analysis on the sensitive subband signal to obtain the TEO-IAC spectrum.
(5) Classify the bearing faults based on the characteristic frequencies of the TEO-IAC spectrum.
B. EVALUATION OF THE PROPOSED METHOD
In this section, the proposed methodology is used to detect the fault signatures of a synthetic signal x(t) as shown in Eq. (25) . Moreover, it is compared with the original kurtogram, improved kurtogram [17] and Autogram [22] to highlight its superiority.
where h(t) is the simulated periodic impulse signal generated by a faulty bearing, g(t) represents a harmonic interference signal with frequencies of 7, 27, 47 and 820Hz. n(t) is the random noise obtained by using the Matlab function of randn (1, N ), where N denotes the sampling points of the simulated signal. The sampling frequency and the sampling points of the simulated signal are 16384 and 8192, respectively. The periodic impulse signal h(t) is constructed using the following model [38] :
where A i is the amplitude of the i-th impact, T o specifies the impact period, τ i represents the tiny fluctuation around T o , α denotes the decay rate of the impacts, f n is the resonance frequency. Table 2 shows the parameters of the simulated periodic impulse signal in Eq. (26) . The impact frequency can be calculated as f o = 1/T o = 80Hz. Fig. 10 displays the waveforms of x(t), its component signals and envelope spectrum. From the envelope spectrum of x(t), some obvious spectral lines related to the interference frequencies can be identified, while the impact frequency cannot be detected. It indicates the envelope spectrum failed to extract the fault characteristic frequencies.
Then, the simulated signal x(t) was analyzed by the proposed method and the results are illustrated in Fig. 11 . The SVDP-based kurtogram is shown in Fig. 11 (a) . As shown in Fig. 11 (a) , the sub-component signal A 4 4 has the largest L-kurtosis. Then, it was selected as the optimal sub-component signal. Figs. 11 (b) and (c) display its waveform and TEO-IAC spectrum. Four harmonic frequencies of the impact frequency f o can be identified in the TEO-IAC spectrum.
The simulation signal was then processed by the original kurtogram, improved kurtogram [17] and Autogram [22] 
V. APPLICATION TO EXPERIMENTAL SIGNALS
In this section, two experimental analysis cases, i.e., an artificial inner ring fault detection of rolling bearing and a natural outer ring fault detection of rolling bearing, were employed to evaluate the performances of the proposed method in diagnosing incipient bearing faults. Meanwhile, the superiority of the proposed method was verified by comparing with the original kurtogram, improved kurtogram and Autogram. The TEO-IAC spectrum was used to demodulate the optimal filtered signals obtained via the original kurtogram, improved kurtogram and Autogram to ensure the fairness of comparison.
A. ARTIFICAL INNER RING FAULT DETECTION
The artificial inner ring fault of rolling bearing was simulated on the QPZZ-II experimental platform as illustrated in Fig. 15 (a) . Fig. 15 (b) shows the structure sketch of the platform and the sensor mounting position. As shown in Fig. 15 (b) , an accelerometer was fixed on the bearing block in a vertical direction to collect the vibration signal and the signal sampling frequency is 12800 Hz. The tested bearing with an artificial defect (the size of which is 0.2 mm in width and 1.5 mm in depth) is displayed in Fig. 15 (c) and its parameters are illustrated in Table 3 . The rotating frequency of the motor (f r ) is 24.5 Hz. The calculated defect frequency of the inner ring fault (f i ) is 132.6 Hz.
12800 points of the collected vibration data were chosen for analyzing. Fig. 16 shows the analyzed vibration signal and its envelope spectrum. Some periodic peaks can be found in the time domain waveform as shown in Fig. 16 (a) , but the interval is about 0.04 seconds, which corresponds to the rotating period of the motor. The maximum peak of the envelope spectrum shown in Fig. 16 (b) corresponds to 2f r , and some other extreme points are other harmonics of frequency conversion. However, no apparent spectral peak is found at the fault characteristic frequency. The proposed method is employed to process the inner ring fault signal, and the results are depicted in Fig. 17 . The optimal sub-component signal obtained via SVDP can be identified as A 8 4 based on the SVDP-based kurtogram as displayed in Fig. 17 (a). Figs. 17 (b) and (c) show its waveform and TEO-IAC spectrum, respectively. Compared to the original signal, several peaks with a smaller interval appear in Fig. 17 (b) . The fault characteristic frequency of the inner ring fault and its 2X-4X harmonics can be found in Fig. 17 (c) , which gives a sufficient basis for determining the inner ring failure.
Figs. 18-20 respectively show the analysis results of the original kurtogram, improved kurtogram and Autogram. The impact intervals of the sensitive components obtained via original kurtogram, improved kurtogram and Autogram are the same as the impact intervals of the raw vibration signal, but the noise of these signals is less compared to the raw signal. From Fig. 18 (c), Fig. 19 (c) and Fig. 20 (c) , we can find that the primary frequencies displayed in the TEO-IAC spectrums of the three sensitive sub-component signals are the rotating frequencies and its harmonics, but the fault characteristic frequency cannot be detected. The three comparison algorithms only reduce the noise but fail to detect the fault signatures. This is because the filters used in the original kurtogram, improved kurtogram and Autogram are insufficiently capable of separating weak fault signature signals. 
B. NATURAL OUTER RING FAULT DETECTION
The NASA bearing data published in Acoustics and Vibration Database (http://data-acoustics.com/) were used to further testify the efficiency of the proposed method to extract the incipient weak fault features. This data covers the whole process of bearing from health to failure. Fig. 21 displays the test bench for playing the bearing run-to failure experiment, which is composed of a motor, a belt drive unit and a shaft supported by four Rexnord ZA-2115 doublerow bearings (# 1-4). The motor speed was maintained at 2000 rpm in the test. Two accelerometers were fixed on the bearing housing of each bearing to respectively measure the vertical and horizontal vibration signals and the vibration signal was recorded per 10 minutes. The whole process lasted 164 hours and 984 groups of data samples were collected at the end of the experiment. The sampling frequency is 20000 Hz. With the progress of the experiment, an outer ring defect occurs on # bearing 1, and the fault degree aggravates with the increase of time. The fault characteristic frequency of the outer ring can be calculated as f o = 236.4 Hz. More details about the experiment can be found in [39] .
The RMS index of the vibration signal of bearing # 1 was used to reflect the progress of bearing degradation. The RMS value experienced a significant fluctuation from group 703, which indicates the bearing begins to enter the severe defect stage. As the RMS values of the first 520 groups are almost the same, 12000 points of the 521th group of data were selected as the early weak fault signal for analysis. Fig. 23 shows the analyzed vibration signal and its envelope spectrum. There are no periodic shocks in the raw vibration signal and the fault characteristic frequency cannot be detected from its envelope spectrum.
Then, the proposed method was used to process the selected vibration signal. Fig. 24 (a) describes the SVP-based kurtogram, from which we can determine the sensitive subcomponent signal is A 8 4 . Figs. 24 (b) and (c) show the sensitive sub-component signal and its TEO-IAC spectrum. There is a sharp peak at the fault characteristic frequency, and other interference frequencies are eliminated. In contrast, Figs. 25-27 display the processing results of the original kurtogram, improved kurtogram and Autogram. The fault features fail to be extracted by using these three comparing methods. The proposed SVDP-based kurtogram is more capable of detecting weak bearing faults than the original kurtogram, improved kurtogram and Autogram.
VI. CONCLUSION
In this paper, a novel rolling bearing weak fault signature extraction scheme that integrates the SVDP-based kurtogram and TEO-IAC analysis is presented. The innovation of this paper is mainly embodied in two aspects: (1) a SVDP-based kurtogram, as an improved version of kurtogram, is developed to adaptively extract the optimal sub-component containing fault signatures from the signal of rolling bearing; (2) a TEO-IAC spectrum is introduced to replace the Hilbert envelope spectrum to demodulate the optimal subcomponents signal. The simulation signals analysis results indicate that the SVDP-kurtogram is more effective for separating the optimal sub-component that carries the fault information from the multi-component vibration signal of rolling bearing compared to the original kurtogram, improved kurtogram and Autogram methods. The TEO-IAC spectrum has stronger anti-noise ability than the Hilbert envelope spectrum. In the experimental verification, the proposed fault diagnosis scheme has a better performance in diagnosing an artificial weak inner ring fault and a natural weak outer ring fault of rolling bearings over the original kurtogram, improved kurtogram and Autogram methods.
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